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Abstract This article describes a data fusion algorithm
that uses fuzzy logic techniques. The algorithm involves
weighting factors, the values of which change depending on
whether the conditions dictated by processes of fuzzy logic
have been met. By modifying the values of weighting fac-
tors, one can achieve a measurement signal with expected
properties. The article includes a general description of the
algorithm and an example of its application. The algorithm
was developed for the purposes of data fusion for contactless
measurement of the linear and angular position of an auto-
matic laparoscopic device or a laparoscopic camera (here-
inafter Laparoscope sleeve or LS).
These measurements are used in the article to close the
feedback loop on the position within a servomechanism
with two degrees of freedom.
Keywords Fuzzy logic  Data fusion  Contactless
measuring system  Two DOF measuring system 
Weighting factors
1 Introduction
Today, numerous papers concerning data fusion are
available. Publications [1–3] provide a list of such papers.
The latter is a good summary and systematisation of the
applications of researchers’ findings on data fusion to date.
Based on the publication [2], one can conclude that algo-
rithms are adjusted to a particular measurement issue.
The Kalman filter [4] is the most widely used algorithm
in systems that measure position. Study [5] uses it to plan
the correct route for commuting to a destination in an urban
environment. Study [6] and Study [7] develop expanded
Kalman filters. Literature also describes modified Kalman
filters. For instance, Study [8] proposes a modification of
the weighting matrix of a filter depending on the correla-
tion of data estimation errors.
Interesting examples of algorithms include hybrid
solutions that combine Kalman filters with other tech-
niques. For instance, Study [9] presents the Distributed
Data Fusion algorithm, which uses transmitter–receiver (T-
R) control. The authors of the study use the algorithm to
assess and follow the position of objects within the visual
field of a sensor system. Another example of a hybrid
solution can be found in Studies [10, 11], in which the
Kalman filter is used in conjunction with fuzzy logic
techniques. The other combination of the Kalman Filter
with other algorithms can be found in, e.g. state-vector
with H-infinity [12] and track fusion algorithm with three
fusions [13]. The authors in the paper [14] present the finite
impulse response (FIR) which is similar to the Kalman
Filtering but it must be used on the off-line data. However,
the Kalman filters and their derivates (expanded and
modified filters) cannot be used to conduct data fusion in
measurement systems in which the error of one of the
sensors increases with working time (for instance, in odo-
metric assessments).
A completely different data fusion solution uses only a
fuzzy logic technique with measurement weights. Study
[15] describes a filter that is based on adjusting a weighting
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algorithm, the weight of an observational error tends to 0
when the value of the error increases (as is the case of
odometric assessments or measurements using Comple-
mentary Metal-Oxide-Semiconductor (CMOS) sensor);
thus, the measuring signal will not be taken into account in
the output data.
Recently in a data fusion field, a significant increase of
artificial intelligence (AI) algorithms used in tasks of
position and velocity measurement can be noticed in a data
fusion field. These algorithms are used to integrate the
global positioning system (GPS) and inertial navigation
system (INS) measurements [16–20]. Such systems are
based on the neural networks [16–18], wavelets [18, 19]
and cross-validations [16]. However, these techniques
require a great number of calculations. This can indicate
measurement lags, which result in instability of the servo
drive. This paper presents the FLMW algorithm that can be
easily computed; therefore, it can be used in the servo drive
positioning loop.
The data fusion problem can be described as a function
of measured data and weight coefficients. Then we can use
the optimization technique to calculate the weight coeffi-
cients values adjusted to measured data. Gene expression
programming (GP) suits such optimization task well for it
can be used to derive more advanced function [21]. Such
methods require complex computation process. Yet, the
best fitting of the chromosome algorithm can be used in
order to decrease this complexity [22]. The GP is used in
order to derive function best fitting the setup conditions. In
case where weight coefficients values change over time it
becomes necessary to recalculate them which can lead to
the destabilisation of the servo drive.
The low computationally data fusion model is proposed
in Study [23]. This model is based on the value factors,
which are proportional to the features or noise of the fea-
tures of the measured object. In this method, the CMOS
sensor error will be taken into account in data after fusion,
which can lead to the increase of the error in time.
This article describes a data fusion algorithm that uses
fuzzy logic techniques. The subsequent part of the article was
divided into three chapters to facilitate describing how the
presented algorithm operates. The second chapter describes
an application of the data fusion algorithm, which was the
object of the experimental research. In the third chapter, the
general model of the algorithm was derived. Lastly, the
fourth chapter summarises the conducted experiments.
2 Measurements System
A measurement system was developed and tested for a
servo drive designed for the RobIn Heart cardiac surgery
robot and it is described as follows. [24–31]. In the future,
this servo drive [31] will replace the traditional linear-te-
lescopic drive that moves the LS along its axis. Replacing
the traditional drive will expand functionality (by adding a
degree of freedom) and allow reduction the size of the
cardiac surgery robot.
The servo drive uses a friction connection between the
drive mechanism and the laparoscope bushing. This
approach to transferring drive requires measuring the
position of the LS. Such a measurement is complicated; it
takes place within two degrees of freedom and due to
medical regulations, it needs to be contactless. That is why
it is necessary to use two independent measurement sub-
systems and an appropriate data fusion algorithm.
2.1 Laser Triangulation Rangefinders
One of the subsystems is based on laser triangulation
rangefinders (TR) (Fig. 1) and includes two sensors. Thus,
one TR measures the distance between the base of the
spiral and the drive mechanism (linear position), while the
second TR measures the position of the spiral surface of the
measuring element. The angular position of the bushing in
relation to the drive mechanism is given by the equation
coming directly from the Fig. 1:
a/T ¼ ðl1  l2Þ
rstanas
ð1Þ
while the linear position is given by the equation:
aLT ¼ l1 ð2Þ
where a/T and aLT are the angular an linear position based on
the TR, respectively, rs is radius of the measurement spiral, l1
and l2 are the values obtained by the TR aimed at the base and
the spiral surface of the measuring element, respectively, and
as is the elevation angle of the spiral surface.
The advantage of this measurement system is its high
repeatability. On the other hand, its disadvantages are low
Fig. 1 Measurement using laser triangulation rangefinders
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measurement resolution, noise in the measurement signal
and discontinuity point of the spiral that introduces mea-
surement insensitivity ranging about 5  (this error can be
eliminated by introducing appropriate programme limits
into the automatic control system).
2.2 Complementary Metal-Oxide-Semiconductor
(CMOS) Sensor
CMOS sensors operate based on a comparison between two
images taken of a front surface with a small CMOS cam-
era. The sensor includes a system that follows the move-
ment of individual points of the surface in subsequent
images and transmits a signal concerning the displacement
to an integrated circuit that works with a computer. The
resolution achievable by these sensors is given by the dot
per inch (DPI) value, included in the documentation. For
instance, for a CMOS sensor with 1000 DPI, measurement
resolution equals 0.0244 mm, which is high compared to
the resolution of a triangulation rangefinder. The problem
with using these sensors is their low accuracy and mea-
surement repeatability as well as their high sensitivity to
changes of the measurement surface.
Because CMOS sensors measure displacement while TR
measure position, the measurement value of CMOS sensors
is adjusted to measurement of position. To achieve this, the
value obtained by the TR (average value from 50 mea-
surements with inactive drive, taken immediately after
activating the measurement system) is entered as the first
measurement. During subsequent steps of the iteration, the
value of gain measured by the CMOS is added to the base
value according to the formula:
aLCðkÞ ¼
abaze for k ¼ 0
lL2ðk1Þ þ DaLCðkÞ for k 1
(
ð3Þ
where DaLCðkÞ is the displacement detected by the CMOS
sensor, aLCðkÞ is the measurement signal of the CMOS
sensor in the linear position in the current step of the
iteration, lL2ðk1Þ is the value of the measurement signal
obtained by the data fusion algorithm in the previous step
of the iteration, and abaze is the base value obtained by the
TR.
In this study, subscript k refers to the value in the k-th
step of the iteration, while k-1 refers to the value in the
k-1-th preceding step.
The value of the angular measurement ða/CðkÞÞ is
caclulated in an analogous manner.
2.3 Data Fusion Algorithm
Data fusion takes place separately for the linear direction
and the angular direction. Because the algorithm operates
analogously in both directions of measurement, only
equations for the linear direction will be derived in this
article. The complete model of the data fusion algorithm
will be presented in the final matrix equation and will
include both measurement directions.
Measurement systems were selected in a way that
enabled a vast range of properties: triangulation
rangefinders have high accuracy and repeatability of mea-
surement, while CMOS sensors have high resolution and
low accuracy. Such a selection of sensors makes it prob-
lematic to conduct measurements with both high resolution
and high accuracy. To obtain such a measurement, a spe-
cial data fusion algorithm was developed on the basis of
elements of fuzzy logic. In the first stage of data fusion, the
value of the higher resolution measurement is expected to
lie within the observational error of the high-accuracy
sensor. For this reason, the following logical condition is
created:
AL1 :¼ jaLCðkÞ  aLTðkÞj\raLT
  ð4Þ
where AL1 is the logical condition, and raLT is the mea-
suring error of the triangulation rangefinder.
Next, products of weights and of measurement values
are introduced.
lL1ðkÞ ¼ aLCðkÞ  wL11ðkÞ þ aLTðkÞ  wL12ðkÞ ð5Þ
where lL1ðkÞ is the value of the measurement after data
fusion, and wL11ðkÞ, wL12ðkÞ are values of weights of indi-
vidual measurement signals.
Then, depending on whether the AL1 condition was met,
the significance of measured values is changed into the
final post-fusion value. The significance is changed by
modifying the values of weights in a given step of the
iteration. Each change is described by the relationship
below:
AL1 ¼ true ¼[
wL11ðkÞ ¼ wL11ðk1Þ þ 0:02
wL12ðkÞ ¼ wL12ðk1Þ  0:02
(
AL1 ¼ false ¼[
wL11ðkÞ ¼ wL11ðk1Þ  0:02
wL12ðkÞ ¼ wL12ðk1Þ þ 0:02
(
with the following boundary conditions:
0:1wL11ðkÞ  0:9
0:1wL12ðkÞ  0:9
wL11ðkÞ þ wL12ðkÞ ¼ 1
Thanks to this algorithm, the measurement value after data
fusion will lay within the observational error of the high-
accuracy sensors.
Research has shown that when the servo drive was in
motion, a considerable disturbance of the measure
appeared due to the uneven surface of the measurement
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spiral. For this reason, a second condition was added to the
algorithm. The condition is based on the assumption that
when the servo drive is in motion, the measurement signal
from the CMOS sensor is more significant (it is not
affected by the uneven surface of the spiral). This condition
can be applied because high measurement accuracy is
desirable during low-speed motion and in the final stage of
the motion, i.e. positioning. That is why a speed condition
can be introduced to the algorithm: when the moving servo
drive exceeds a certain speed value, the data fusion algo-
rithm will increase the significance of measurement values
from the CMOS sensor. On the other hand, at a low speed,
the algorithm will increase the weight of measurement
values from the previous part of the data fusion algorithm.









AL2 ¼ true ¼[
wL21ðkÞ ¼ wL21ðk1Þ þ 0:01
wL22ðkÞ ¼ wL22ðk1Þ  0:01
(
AL2 ¼ false ¼[
wL21ðkÞ ¼ wL21ðk1Þ  0:01
wL22ðkÞ ¼ wL22ðk1Þ þ 0:01
(
The data fusion equation is introduced:
lL2ðkÞ ¼ aLCðkÞ  wL21ðkÞ þ lL1ðkÞ  wL22ðkÞ ð7Þ
with the following boundary conditions:
0:1wL21ðkÞ  0:9
0:1wL22ðkÞ  0:9
wL21ðkÞ þ wL22ðkÞ ¼ 1
where AL2 is the second logical condition DtLis the duration
of a given step of the iteration, VLg is the threshold value (if
it is exceeded, the significance of the CMOS signal
increases), and wL21ðkÞ, wL22ðkÞ are weights of measurement
signals from the CMOS and post-fusion values from the
first part of the algorithm, respectively, and lL2ðkÞ is the
value of the measurement after the second step data fusion.
Ultimately, the entire data fusion algorithm for one
measurement direction can be expressed in the form of two
matrix equations:




























wL11ðkÞ wL12ðkÞ 0 0






wL21ðkÞ 0 0 0 wL22ðkÞ 0





A1 ¼ aLCðkÞ aLTðkÞ a/CðkÞ a/TðkÞ
 T
A2 ¼ aLCðkÞ aLTðkÞ a/CðkÞ a/TðkÞ lL1ðkÞ l/1ðkÞ
 T
where lL1ðkÞ, l/1ðkÞ are output signals obtained in the first
part of the data fusion algorithm in the linear and angular
direction, respectively, lL2ðkÞ, l/2ðkÞ are output signals from
the second part of the data fusion algorithm in the linear
and angular direction, respectively, and wLijðkÞ, w/ijðkÞ are
the weights of the j-th measurement signal in the k-th step
of the iteration from the i-th part of the algorithm for the
linear and angular direction, respectively.
The two equations above were edited in a way that
would allow us to present the iterative application of
weighting equations and to show the method of introducing
subsequent equations that include, for instance, the rela-
tionships between the linear and angular measurements
(due to, for example, an oblique mounting of the CMOS
sensor). After substituting Eq. (8) into Eq. (9), the final




¼ a11 a12 0 0











a11 ¼ wL21ðkÞ þ wL22ðkÞwL11ðkÞ
a12 ¼ wL22ðkÞwL12ðkÞ
a23 ¼ w/21ðkÞ þ w/22ðkÞw/11ðkÞ
a24 ¼ w/22ðkÞw/12ðkÞ:
2.4 Tests of the Measurement System
Figure 2 shows the test stand in which the data fusion
algorithm was tested. The test stand consisted of a servo
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drive that forced a propeller shaft (LS) to move in two
directions.
A CMOS sensor was attached below the propeller shaft.
It takes measurements on the circumferential surface of the
LS in directions: linear and angular (parallel and perpen-
dicular to the axis of the shaft, respectively). The TR are
mounted next to the body of the servo drive and measure
the position of the spiral mounted on the LS in relation to
the body of the servo drive. This test stand was used to test
uncertainty measurement and resolution separately for both
directions of movement: linear and angular. The mea-
surement uncertainty test was performed for linear and
angular motion separately. It has been repeated 50 times
for LS 10mm linear displacement starting from one point
and moving towards specified direction. The test was
repeated with 5 different starting points. For angular
direction measurement, a 50 displacement has been used.
The uncertainty was determined with 0.05 % confidence
level. The resolution tests were based on the slight dis-
placements of the LS. It has shown when the measurement
took place and what was its value. The induction sensors
with 0.01mm accuracy were used for the reference mea-
surement. Table 1 shows the results of the test.
The results of the test allow us to conclude that the
introduction of the data fusion algorithm improved mea-
surement accuracy and resolution.
The next test involved moving the LS into a given
position and then returning it to the initial position.
Because the results were similar for both the linear and the
angular directions, this article only presents the test for the
linear direction (Fig. 3). As a reference algorithm, the
Kalman filter was used, described by the following equa-
tions (symbols used are taken from Publication [9]):
prediction
Xk ¼ AXk1 ð12Þ






HPk HT þ R
ð14Þ
Xk ¼ Xk þ KkðZk  HXk Þ ð15Þ
with individual matrixes equal to:
A ¼
1 0 Dt 0
0 1 0 Dt
0 0 1 0





0:01 0 0 0
0 0:01 0 0
0 0 1 0





H ¼ 1 0 0 0
0 1 0 0
	 






aLT  0:9 þ zLðkÞ  0:1




abaze for k ¼ 0
zLðk1Þ þ DaLCðkÞ for k 1
(
ð16Þ
The z/ðkÞ is caclulated in an analogous manner.
As Fig. 3 shows, the FLMW algorithm reduces noise in
the measurement signal much better than the Kalman Filter
algorithm. The observational error of the CMOS sensor
does not translate into the post-fusion measurement. Thus,
the signal follows measurements performed by sensors
with much greater measurement repeatability. The post-
fusion signal with the FLMW algorithm applied constantly
reduces noise while steadily following the signals from the
measurement sensors.
The next test assessed the effect of the algorithm on the
damping and delaying of the measurement signal. After the
test, the amplitude-frequency response diagram (Fig. 5)
and the phase diagram (Fig. 6) was created for both
directions (linear and angular) in which the measurement
system moved. Figure 4 shows an example response signal
during input harmonic function in the linear direction.
Amplitude-frequency response diagrams were created
using the relationship: 20logðAy
Ax
Þ where: Ax is the input
amplitude (the signal from the TR sensor) and Ay is the
value after data fusion.
Fig. 2 The test stand
Table 1 Result of the accuracy and resolution test
TR CMOS FLMW
Linear direction (mm)
Accuracy ±0.4 ±0.6 ±0.1
Resolution 0.1 0.02 0.01
Angular direction ()
Accuracy ±8.8 ±15.4 ±0.4
Resolution 2.2 0.6 0.1
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Amplitude-frequency response diagrams show that the
measurement signal is dampened during harmonic excita-
tion of more than 1 Hz. On the other hand, phasic char-
acteristics show that the system does not display increased
delay for the angular direction. We can conclude that with
the aforementioned fuzzy logic conditions and parameters
of changes in the weighting factors, the algorithm should
work in measurement systems with harmonic excitation of
less than 1 Hz.
3 General Model of the Data Fusion Algorithm
In order to derive the general mathematical model, we
assume that the measurement system consists of n inde-
pendent sensors that emit signals a1; :::; an. These sensors
are used to determine the state of q independent variables
marked l1; :::; lq. Next, a prediction is made concerning
which of the measurement signals contributes most to
exposing the expected post-fusion measurement property.
In the following step, logical conditions are created that
will unambiguously indicate the sensor (or sensors) most
significant from the point of view of the given
measurement property. Next, a Q set of logical conditions
is created.
8Aj 2 Q
Aj ¼ f ða1; a2; :::; anÞ
ð17Þ
where: Aj is the j-th logical condition and ai is the mea-
surement value from the n-th sensor.
For each logical condition, the post-fusion measurement
is given by the sum of products of weight and values of
measurement signals, as described below:






where lAjðkÞ is the j-th post-fusion variable measured after
testing the j-th logical condition and aiðkÞ is the i-th
measurement signal, wAjiðkÞ is the weight of the j-th con-
dition of the i-th measurement signal.
Next, if a given logical condition is met, changes in the
weights of measurement signals are predicted (if the con-
dition is not met, then an opposite change in weight is
predicted).
Fig. 3 Test of the response of algorithms to linear displacement: a the entire test, b–d elements of the test where 1 zL, 2 the FLMW algorithm,
3 the Kalman Filter, 4 the TR sensor
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Aj ¼ true ¼[ wAjiðkÞ ¼ wAjiðk1Þ þ DwAji
Aj ¼ false ¼[ wAjiðkÞ ¼ wAjiðk1Þ  DwAji
ð19Þ
where i ¼ 1; 2; :::; n and j ¼ 1; 2; :::; q




where wAjiðkÞ, wAjiðk1Þ are the values of the i-th measure-
ment signal for the j-th logical condition in the k-th and
(k-1)-th measurement step, and DwAji is the value by
which a given weighting factor changes.
The following matrix equation of data fusion can be
constructed based on the above considerations:
LA ¼ WAA ð20Þ
Fig. 4 Response of the measurement system to harmonic excitation at frequency of 0.4Hz and with amplitude of 13 mm where 1 the reference
value, 2 the TR sensor, 3 the FLMW algorithm
Fig. 5 Amplitude-frequency response diagrams of the signal after data fusion: a linear direction, b angular direction
Fig. 6 Phase diagrams of the signal after data fusion: a linear direction, b angular direction
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A ¼ a1 ::: an½ T
where LA is the matrix of measurement signals after data
fusion, WA is the matrix of weights, and A is the matrix of
signals from measurement sensors.
If the post-fusion signal needs to be introduced into
another fusion equation, then r new logical conditions are
created as follows:
8Bt 2 Q
Bt ¼ f ða1; a2; :::; an; l1; :::; lqÞ where t ¼ 1; 2; :::; r
ð21Þ
where Bt is the t-th logical condition and ai is the mea-
surement value from the n-th sensor, and li is the value
after the i-th logical condition.
The remaining part of the procedure is analogous to the
first part of the algorithm. The final matrix equation in the
second part is created by an adequate expansion of the
matrix. Thus, we can state that:
LB ¼ WBB ð22Þ
LB ¼ lB1 ::: lBr½ T
B ¼ a1 ::: an lA1 lAq½ T
WB ¼

















where s ¼ 1; 2; :::;m
where LB is the matrix of measurement signals after data
fusion, WB is the matrix of weights in the B step, and B is
the matrix of signals from measurement sensors and data
after fusion from the previous step.
As a result of this algorithm, the lBr measurement value
is the output signal from the data fusion algorithm. How-
ever, each of the lAj or lBt signals can constitute an indi-
vidual output signal with particular properties. By using the
procedure described above, additional parts of the data
fusion algorithm can be introduced to achieve expected
measurement properties.
4 Summary
This article presents a general model of a data fusion
algorithm based on the system of fuzzy logic and supported
by modified weighting factors. The algorithm was imple-
mented into a contactless measurement system that con-
sisted of a servo drive with the drive transmitted by friction
in two degrees of freedom. The use of such an algorithm
allowed us to obtain a measurement with particular prop-
erties (high accuracy and repeatability of positioning and
high resolution). The crucial part of the algorithm is a new
approach to data fusion: it makes use of the properties of
each measurement sensor without combining them through
a complicated mathematical model. Moreover, the algo-
rithm sets no limits on the number of sensors used and, if
many conditions of data fusion are introduced, it is able to
operate based on previously determined values. A major
advantage of the algorithm is the possibility that all these
values can be used in every part of the algorithm.
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